To create a nationally-representative estimate from longitudinal data by controlling for sociodemographic factors and health status.
INTRODUCTION
When researchers ask for a nationally-representative sample, they mean that the population of interest is equivalent to the entire population of the country in question, and the sample should reflect this in its structure.
A nationally-representative sample should match the number of men versus women according to national proportions, and the percentage in each age group or region should match the population. In outcomes research, matching based on health status is also crucial.
The first step for any sampling project is to identify the "universe" or "target population" of subjects for which inferences are desired. 1 Most data in outcomes research (i.e. commercial insurance claims data, regional trial datasets) may contain subsets of the target population in proportions that do not match the ratios of those groups in the population itself. Figure 1 presents the regional distribution of a commercial insurance claims data population relative to the US national population. The data is underrepresented in the West and Midwest United States, but is overrepresented in the South and Northeast. Conversely, in the Medicare advantage population, the data is overrepresentative in West and underrepresentative in the others. Figure 2 shows the distribution by age group. Among certain age groups, there are significant differences between the two data populations. In such situations, one can often improve the relationship between the sample and the population by creating weights based on specified characteristics that agree with the corresponding totals for the population. 3 One way to create weights is to match each cell defined by the cross-classification of categorical variables to control data which is usually chosen from a national data source. However, to make an argument that the sample represents the national population, adjustment for case-mix differences is necessary, since simple adjustment for demographics would not be adequate. For non-demographic measures (i.e. comorbid and chronic conditions) the sample should also match the population. We analyzed the difference between a commercial insurance dataset and the household component of the Agency for Healthcare Research and Quality (AHRQ) Medicare Expenditures Panel Survey (MEPS) in terms of demographic factors and health status. We attempted to improve the estimates from the commercial dataset by creating weights for each case patient, so that marginal totals of the adjusted weights agree with the corresponding totals (demographic and non-demographic) for the population according to specified characteristics. This operation is known as raking -an analogy for raking is the process of smoothing the soil in a garden plot by working it back and forth with a rake in two perpendicular directions. The statistical procedure is discussed in detail by Bishop, et al. 5 The socioeconomic characteristics included in the model were: Head of the household age, female patient percentage, race, US geographic region, and income level.
We derived two variables to capture general health status of the member. First, Charlson Comorbidity Index (CCI) scores were generated to capture the level and burden of comorbidity. The most commonly used index in health outcomes studies is the CCI, which assigns a weight ranging from 1 to 6 according to disease severity for 19 conditions. 7 The CCI contents and weighting scheme are based on Cox proportional hazards modeling. 8 The weights for each condition are summed, and a score is assigned to each patient. The original index was developed in an inpatient setting, using medical review to predict the risk of mortality. The index has since adopted several weights, some of which allow outpatient diagnoses to contribute to the score. 9,10 Regardless of the version, the CCI has practically insignificant effects in predicting health care utility and indices. 11, 12 Secondly, we created an indicator variable to represent patients with chronic conditions. This variable was derived by convening two physician panels to review all medical conditions reported by the survey sample.
Our model proceeds in three steps using inverse probability weighting and raking strategy. Initial sampling weights were calculated as the inverse of the probability of selection. These weights play a pivotal role in design-based inferences to yield estimates that are intended to be unbiased and consistent. Finally the initial weights were adjusted so that the marginal total of adjusted weight on specified characteristics agrees with the corresponding totals for the population.
The basic raking algorithm with two variables such as age and gender can be described as follows:
Let {η i :i = 1,...,n} denote our initial weight estimated from the second step for sample size n from the population. In a post-stratification that has J rows and K columns, let n jk be the sum of the η i in cell (j,k).
Initial row and column totals of the initial weights and population numbers are defined as η j+ , η +k , P j+ and P +k respectively.
The first three steps of the algorithm are 1 : w[1] = η j,k ;2 : w[2] = w[1]*(-) for each k within each j; and 3 : w [3] = w[2] * -or each j within each k. In the iteration process, both row and column weights are adjusted.
By adjusting for eligibility status at each month and quarter, we derived monthly and quarterly weights as well as annual weights. To validate the initial weights, the MEPS sample was randomly categorized into two groups: Training subsample and test sub-sample. Weights were calculated using the training sub-sample. The weighted means were estimated for each confounder from the commercial data. These values were then compared with the mean of same variables from the MEPS test sub-sample.
Final weights (after raking) were validated by comparing the results with those for the projected number of people in the US population in each category. Table 1 shows the results of logistic regression to identify the differences between the commercial and MEPS populations, in terms of socioeconomic and clinical factors. Patients in the commercial data population were more likely to be male, older, and white. The probability of being in the commercial data sample was close to four times higher for patients diagnosed with chronic conditions. Table 2 shows the summary of annual, monthly, and quarterly weights after raking. These weights were used to project the US population from the commercial data population. Table 3 shows the projected number of people in the US population after applying the weights for both data sources. The differences in the predictions for each category (socioeconomic and clinical) were negligible. 
RESULTS

